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Abstract
Background: Directed cell migration can be driven by a range of external stimuli, such as spatial gradients of:
chemical signals (chemotaxis); adhesion sites (haptotaxis); or temperature (thermotaxis). Continuummodels of cell
migration typically include a diffusion term to capture the undirected component of cell motility and an advection
term to capture the directed component of cell motility. However, there is no consensus in the literature about the
form that the advection term takes. Some theoretical studies suggest that the advection term ought to include
receptor saturation effects. However, others adopt a much simpler constant coefficient. One of the limitations of
including receptor saturation effects is that it introduces several additional unknown parameters into the model.
Therefore, a relevant research question is to investigate whether directed cell migration is best described by a simple
constant tactic coefficient or a more complicated model incorporating saturation effects.
Results: We study directed cell migration using an experimental device in which the directed component of the cell
motility is driven by a spatial gradient of electric potential, which is known as electrotaxis. The electric field (EF) is
proportional to the spatial gradient of the electric potential. The spatial variation of electric potential across the
experimental device varies in such a way that there are several subregions on the device in which the EF takes on
different values that are approximately constant within those subregions. We use cell trajectory data to quantify the
motion of 3T3 fibroblast cells at different locations on the device to examine how different values of the EF influences
cell motility. The undirected (random) motility of the cells is quantified in terms of the cell diffusivity, D, and the
directed motility is quantified in terms of a cell drift velocity, v. Estimates D and v are obtained under a range of four
different EF conditions, which correspond to normal physiological conditions. Our results suggest that there is no
anisotropy in D, and that D appears to be approximately independent of the EF and the electric potential. The drift
velocity increases approximately linearly with the EF, suggesting that the simplest linear advection term, with no
additional saturation parameters, provides a good explanation of these physiologically relevant data.
Conclusions: We find that the simplest linear advection term in a continuummodel of directed cell motility is
sufficient to describe a range of different electrotaxis experiments for 3T3 fibroblast cells subject to normal
physiological values of the electric field. This is useful information because alternative models that include saturation
effects involve additional parameters that need to be estimated before a partial differential equation model can be
applied to interpret or predict a cell migration experiment.
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Background
Continuum models are used to describe cell migration in
a number of contexts including wound repair [1–3] and
malignant invasion [4, 5]. Here, we consider a continuum
partial differential equation to describe the motion of a
population of cells, with cell density C(x, y, t), where x
and y are the Cartesian coordinates, and t is time. The
continuum model allows the cell migration mechanism
to involve an undirected (diffusive) and directed (tactic)
component. Conservation arguments lead to
∂C
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(
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)
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(
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∂y
)
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(
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∂yC
)
,
(1)
where D(S) > 0 is the cell diffusivity, and χ(S) is the tac-
tic sensitivity function. In this Keller-Segel [6] type model,
the tactic flux is proportional to the gradient of some sig-
nal, S(x, y, t), and the strength of the tactic response is
governed by the tactic sensitivity function, χ(S) [6, 7]. Set-
ting χ(S) > 0 represents attraction, since the directed
component of the cell flux is in the direction of increas-
ing S. Alternatively, setting χ(S) < 0 represents repulsion.
To maintain generality, the cell diffusivity D(S) > 0
is also written as a function of the signal, S [1, 8, 9].
If D(S) is increasing, this model represents an increase
in undirected motility with the signal, as in the case of
chemokinesis [10]. Since there is no source/sink term in
Eq. (1) we are focusing on cell migration processes on
short time scales so that cell proliferation and cell death
have a negligible impact on the cell density.
Directed cell migration can occur in response to various
types of external spatial gradients. In Eq. (1) we have
not specified the physical interpretation of S. In a model
of chemotaxis S would represent the concentration of
a chemical signal, whereas in a model of thermotaxis
S would represent the temperature. In a model of
electrotaxis S represents the electric potential. In this
work we focus on stimulating directed cell migration in an
electric field.
Electrotaxis plays an important role in guiding epithelial
and corneal wound healing processes, and could poten-
tially be used to design novel therapies [11–16]. While the
precise molecular-level mechanisms behind electrotaxis
remain unresolved, a common hypothesis is that expos-
ing cells to an electric field leads to changes in plasma
membrane potentials [11, 12] with the membrane facing
the cathode becoming depolarized, and the membrane
facing the anode becoming hyperpolarized [11, 12]. In a
cell with negligible voltage-gated conductance, the hyper-
polarized membrane attracts calcium ions, leading to a
contraction of this side of the cell which propels the cell
toward the cathode [11, 12]. In a cell with voltage-gated
calcium channels, the channels near the depolarized side
open to allow an influx of calcium ions leading to a rise
in the intracellular calcium ion level throughout such a
cell. The direction of cell movement in this situation will
depend on the balance between the opposing contractile
forces [11, 12].
A key question in applying Eq. (1) is to determine the
functional forms of D(S) and χ(S). In many theoretical
studies focusing on directed cell movement, an explicit
relationship between the tactic response function and the
signal, S, is emphasized. Often, particularly in more theo-
retical studies, an argument about saturation of receptor
cites on cells is made to suggest that χ(S) ought to be
a decreasing function of S, so that dχ/dS < 0 [6, 7].
Several putative functional forms have been put forward.
For example, relationships such as χ(S) = χ0/S and
χ(S) = χ0 K / (K + S)2, and several others, have been
suggested [13, 18–23]. In contrast, other studies simply
adopt a constant χ(S) = χ [24–33]. Under the situa-
tion where we treat D(S) and χ(S) as constants, Eq. (1)
simplifies to
∂C
∂t = D
[
∂2C
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− χ
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The advantage of working with Eq. (2) compared to
Eq. (1), is that there are just two unknown parameters in
Eq. (2), χ and D. In contrast, the more complicated mod-
els involving receptor saturation effects can involve six or
more unknown parameters [13, 18–23].
Making a distinction between choosing models where
the tactic sensitivity incorporates receptor saturation
effect (Eq. (1)) and a simpler model where the tactic sensi-
tivity coefficient is constant (Eq. (2)) is not obvious unless
we are guided by a reasonable quantity of experimental
data. From a theoretical point of view, it might be attrac-
tive to incorporate receptor saturation dynamics into a
mathematical model, but this comes with the trade off
that this is typically achieved by introducing a complicated
relationship between the tactic sensitivity coefficient and
the attractant concentration, which can introduce sev-
eral unknown parameters into the mathematical model
thereby over complicating the process of model calibra-
tion [17]. To provide some insight into this question, here
we analyze a suite of cell migration data. The data we
analyze comes from an electrotaxis experiment where the
strength of the attraction gradient is carefully varied so
that we can analyze both the random component of the
cell migration as well as the directed component over a
range of applied gradients.
Results
Qualitative assessment of trajectory data
Cell trajectory data, describing the motion of 80
randomly-chosen 3T3 fibroblast cells [34] (Fig. 1b) under
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Fig. 1 a Schematic of the microfluidic device indicating the direction of current flow, which corresponds to the direction in which cell migration is
biased. b Image of 3T3 fibroblast cells, distributed at low density, during a typical experiment. The scale bar corresponds to 100 μm. c COMSOL
(COMSOL, USA) simulation showing the spatial distribution of the electric field EF (mV/mm) on the microfluidic device.Markers i, ii, iii and iv are
placed on the approximate location where EF = 0, 100, 200 and 400 mV/mm, respectively. Thesemarkers indicate the approximate location where
the cell migration, for each value of EF, is observed. d COMSOL (COMSOL, USA) simulation of the spatial distribution of the potential (V) on the
microfluidic device
a range of gradients, EF = 0, 100, 200 and 400 mV/mm,
within the experimental apparatus (Fig. 1a, c-d) are anal-
ysed [35]. Since 3T3 fibroblast cells are known to migrate
towards the cathode in these types of experiments [35],
the Cartesian coordinate axes are aligned so that the posi-
tive x-direction points towards the cathode (Fig. 1c-d).We
note that there is no gradient in the y-direction (Fig. 1c-d).
The data involves recording the initial position of
each trajectory, (x′(0), y′(0)) and the position of each
cell every half-hour over a two hour interval, giv-
ing: (x′(0.5), y′(0.5)), (x′(1), y′(1)), (x′(1.5), y′(1.5)) and
(x′(2), y′(2)). Using this data, we shift the coordinate sys-
tem for each trajectory so that the initial location of
the cell is at the origin, giving (x(t), y(t)) = (x′(t) −
x′(0), y′(t)−y′(0)). Plots showing (x(2), y(2)) for 80 trajec-
tories under four different gradients are shown in Fig. 2.
The scatter plot in Fig. 2a, under the action of no gradient,
shows an approximately symmetric distribution of the
end points of the trajectories. In this case the trajectories
extend no further than approximately 40 μm away from
the origin. Since these trajectories appear to follow no par-
ticular preferred direction, this cells seem to undergo an
unbiased migration process. In comparison, the scatter
plot in Fig. 2b shows that there is some drift in the pos-
itive x-direction when the cells move under the action of
a gradient. Despite the fact that there is an obvious drift
in the positive x-direction in Fig. 2b, there remains some
randomness in the distribution of (x(2), y(2)). Therefore,
under the action of the electric field, these 3T3 fibrob-
last cells move with both a directed and an undirected
component. Comparing results in Fig. 2b-d confirms that
the drift in the positive x-direction increases with the
increasing electric field, and there appears to be some
randomness in the distribution of cells regardless of the
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Fig. 2 End points of cell trajectories under different experimental conditions. Results correspond to: a EF = 0; b EF = 100; c EF = 200, and
d EF = 400 mV/mm. All trajectories are shifted so that the initial location of the trajectory is at the origin. In each subfigure there are 80 red dots,
each corresponding to the location of the each cell after a duration of two hours
strength of the electric field. To provide more informa-
tion about the roles of directed and undirected motion
in these experiments, we will now interpret this data
using a biased random walk model that is related to an
advection-diffusion equation.
Quantitative assessment of trajectory data
We first quantify the directed component of the motil-
ity depicted in Fig. 2. Estimates of the drift velocity are
obtained, in both the x and y directions, for each of the 80
trajectories, under the four different gradient conditions.
These data are presented as histograms in Fig. 3. Results
in Fig. 3a-b characterize the estimates of vx and vy when
there is no gradient, and averaging these 80 estimates gives
us an approximation of the average drift velocity in each
direction. This gives 〈vx〉 = −1 μm/h and 〈vy〉 = −1
μm/h. Therefore, the average drift velocity in both direc-
tions is approximately zero, as we anticipate intuitively
by inspecting the data in Fig. 2a. Results in Fig. 3c-h
show estimates of vx and vy for EF = 100, 200 and 400
mV/mm, respectively. In each case we see that 〈vy〉 ≈ 0
μm/h, which is consistent with the experimental design
since there is no gradient in the y direction (Fig. 1c-d). In
contrast, estimates of 〈vx〉 increase with EF, as we have
〈vx〉 = −1, 9, 14 and 25 μm/h when EF = 0, 100, 200
and 400 mV/mm, respectively. In addition to characteriz-
ing the mean drift velocities, 〈vx〉 and 〈vy〉, the data in the
histograms in Fig. 3a-h show how the individual estimates
of vx and vy are distributed for each of the 80 trajectories
considered. A qualitative assessment of these distributions
indicates that, for each value of the EF, estimates of vx and
vy are approximately symmetrically distributed about the
mean. Furthermore, the spread about the mean appears to
be approximately constant for each value of the EF.
Given our estimates of 〈vx〉 and 〈vy〉 (Fig. 3a-h), we now
estimate the diffusivity coefficients, Dx and Dy, for each
experiment. Results showing estimates ofDx andDy under
the application of no gradient are summarised in Fig. 3i-
j. Averaging our estimates across the 80 trajectories we
obtain 〈Dx〉 = 59 μm2/h and 〈Dy〉 = 50 μm2/h for the
experiments in which there is no gradient. The magnitude
of these estimates of cell diffusivity are consistent with
previous estimates 3T3 fibroblast cells obtained using sin-
gle cell trajectory data [36, 37]. Additional estimates of
Dx and Dy, and 〈Dx〉 and 〈Dy〉 are shown in Fig. 3k-p for
cell migration under the influence of gradients of 100,
200 and 400 mV/mm, respectively. For each of these data
sets we have 〈Dx〉 ≈ 〈Dy〉, indicating that the random
motility coefficient is isotropic. Furthermore, unlike our
estimates of 〈vx〉, our estimates of 〈Dx〉 and 〈Dy〉 appear
not to depend on the electric field.
Relationship between the applied gradient, cell
diffusivities and drift velocities
To further explore the relationships between Dx, Dy, vx,
vy and the applied gradient, we calculate the sample mean
and sample standard deviation for each of the 16 his-
tograms in Fig. 3. Results in Fig. 3 show 〈vx〉, 〈vy〉, 〈Dx〉
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Fig. 3 Histograms showing: a vx for EF = 0 mV/mm; b vy for EF = 0 mV/mm; c vx for EF = 100 mV/mm; d vy for EF = 100 mV/mm; e vx for
EF = 200 mV/mm; f vy for EF = 200 mV/mm; g vx for EF = 400 mV/mm; h vy for EF = 400 mV/mm; i Dx for EF = 0 mV/mm; j Dy for EF = 0
mV/mm; k Dx for EF = 100 mV/mm; l Dy for EF = 100 mV/mm;m Dx for EF = 200 mV/mm; n Dy for EF = 200 mV/mm; o Dx for EF = 400 mV/mm;
p Dy for EF = 400 mV/mm. A red vertical line is superimposed on each histogram to indicate the sample mean. The sample mean value for each
histogram is indicated in the top left of each subfigure
and 〈Dy〉, each plotted as a function of the electric field.
The plots show the variation in the average transport coef-
ficients with the EF. In addition, the variability in the
estimates of the average transport coefficients is indicated
by the error bars. The error bars indicate the sample mean
plus or minus one sample standard deviation.
Results in Fig. 3a-b show 〈vx〉 and 〈vy〉 as a function of
the EF. As we anticipate, 〈vx〉 increases with EF whereas
〈vy〉 ≈ 0 for all EF considered. To examine the putative
relationship between 〈vx〉 and EF, and between 〈vy〉 and
EF, we perform an unconstrained linear regression. The
coefficient of determination for the 〈vx〉 data is very high,
r2 = 0.98, suggesting that the linear relationship between
〈vx〉 and EF provides a good explanation of the variabil-
ity. In contrast, the coefficient of determination for 〈vy〉 is
very low, r2 = 0.00, suggesting that the null hypothesis
is valid and there is no relationship between 〈vy〉 and EF.
In summary, these results imply that a linear relationship
between 〈vx〉 and EF is consistent with the observed data.
To match the drift term in Eq. (1) with the advection-
diffusion (Eq. (6)) we require that vx = χ(S)∂S/∂x. Since
our data is consistent with a linear relationship between
vx and the applied gradient, ∂S/∂x, it appears that a con-
stant tactic sensitivity function, χ(S) = χ , provides the
simplest explanation of our experimental results.
Results in Fig. 3c-d show 〈Dx〉 and 〈Dy〉 as a function of
EF. Visually, we see no discernible trend in the data for dif-
ferent values of EF. This visual interpretation is consistent
with the fact that we obtain a small coefficient for each
of the linear regressions in Fig. 3c-d. Therefore, it is rea-
sonable to assume that the cell diffusivities appear to be
independent of the electric field. If we accept this assump-
tion and further average the data in Fig. 3i-p in each
direction we obtain overall estimates of 〈Dx〉 = 48 μm2/h
and 〈Dy〉 = 46 μm2/h. Again, this suggests that the diffu-
sion of 3T3 fibroblast cells is approximately isotropic since
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Fig. 4 Summary of the average transport coefficients as a function of the applied gradient. a 〈vx〉 as a function of EF; b 〈vy〉 as a function of EF; c 〈Dx〉
as a function of EF; and d 〈Dy〉 as a function of EF. In each plot the sample mean is shown (grey circle), and the error bars indicate the variability. In this
case the variability is reported as the one sample standard deviation about the mean. In each case an unconstrained linear regression is superimposed
in each subfigure
we have Dx ≈ Dy, across all the experimental conditions
considered.
Now that we have summarised the estimates of the
directed and undirected components of cell migration in
the experiments, we can quantify the relative roles in
terms of the dimensionless Peclet number [38],
Pe = vLD , (3)
where v is the drift velocity, D is the diffusivity and L is
a relevant length-scale, which here we will take to be the
cell diameter of fibroblast cells, L ≈ 25 μm [37]. The
Peclet number is a measure of the time scale of advec-
tion to the time scale of diffusion [38]. When Pe  1,
undirected diffusive transport dominates, when Pe  1,
directed transport dominates, and when Pe ≈ 1 to two
mechanisms are in balance. Comparing estimates of the
drift velocity and the diffusivity in the x-direction sug-
gests that our experiments deal with a range of Peclet
numbers from Pe ≈ 0 when EF=0 mV/mm to Pe ≈ 10
when EF=400 mV/mm. Therefore, our experimental data
covers a wide range of transport conditions ranging from
purely undirected, diffusive transport to highly directed,
advection-dominant conditions.
To summarise our findings, results in Fig. 3 suggest
that 〈vx〉 increases linearly with EF, whereas the data sug-
gests that the other transport coefficients, 〈vy〉, 〈Dx〉 and
〈Dy〉, appear to be independent of EF. Guided by these
results, we assume that 〈vx〉 increases linearly with EF,
and that the other transport coefficients are indepen-
dent of EF. Comparing the results in Fig. 1c and d also
allows us to also consider whether there is any possi-
ble relationship between the transport coefficients and
the electric potential. Repeating the process of plotting
our estimates of the four transport coefficients as a func-
tion of the electric potential (not shown) suggests that
there is no obvious trends in the data. Furthermore, lin-
ear regressions between each transport coefficient and
the associated value of the electric potential reveals a low
coefficient of determination, r2 < 1. Therefore, based
on the data, we assume that the transport coefficients
appear to be independent of the electric potential in these
experiments.
Discussion
Our results indicate that when we quantify the roles
of directed and undirected migration of 3T3 fibroblast
cells under the influence of an applied electric field,
the undirected component of the migration appears to
be independent of the EF, and the directed migration
appears to increase linearly with EF. Furthermore, we
observe no consistent differences in the cell diffusivity
estimates in the x and y Cartesian directions, implying
that the undirected migration is isotropic. The simplest
way to explain these results in terms of a Keller-Segel-
type continuum model (Eq. (1)) is that we have a con-
stant diffusivity, D(S) = D, and a constant chemotactic
sensitivity function, χ(S) = χ . While the assumption
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that the chemotactic sensitivity function can be treated
as a constant is widely invoked [24–33], this assump-
tion is infrequently tested using experimental data col-
lected under a range of gradient conditions. The question
of whether the tactic sensitivity function ought to be
treated as a constant or a more complicated expression is
of interest because many theoretical models incorporate
these kinds of details, such as receptor saturation, with-
out necessarily being guided by experimental observations
[6, 7, 13, 18–23].
Conclusion
By examining trajectories of 3T3 fibroblast cells under
a range of physiologically-relevant electric gradients
[11, 14], we quantify the roles of directed and undirected
migration. In summary we find that the undirected migra-
tion is isotropic and the cell diffusivity is approximately 50
μm2/h, and that the drift velocity increases approximately
linearly with the applied electric field, suggesting that the
tactic sensitivity function is a constant.
Although our results apply to 3T3 fibroblast cells, we
anticipate that repeating the experiments and analysis
outlined here for different cell lines would provide insight
into the roles of directed and undirected motility for any
cell line of interest. Although we have found that the drift
of fibroblasts to increase approximately linearly with the
electric field in the range of EF = 0 − 400 mV/mm, it is
possible that we may observe a different response for dif-
ferent cell lines, or wemay observe a different response for
the same cell line when we apply a stronger electric field.
However, here we deal only with gradients in the range
of 0-400 mV/mm because this is a physiologically relevant
range [11, 14].
Methods
Experimental methods
As shown in Fig. 1a, we use a specifically designed and fab-
ricated microfluidic chip to study the electrotaxis of NIH
3T3 fibroblasts. A CO2 laser scriber (ILS2, Laser Tools &
Technics Corp, Taiwan) is used to ablate desired patterns
on polymethylmethacrylate (PMMA) substrates [39–41].
Four layers of PMMA sheets are thermally bonded to
form the fluidic channel, which is then attached to a
cover glass to act as the cell culture area. The thick-
ness of the fluidic channel is 1 mm, and the widths of
the four culture areas (two copies) are 4.00, 8.28, 4.14
and 2.07 mm, respectively. By applying a direct current
(dc) of 80 μA, the EF inside these areas are calculated
to be 0, 100, 200, and 400 mV/mm, respectively, based
on Ohm’s law [35]. Numerical simulations of the EF and
the potential inside the microfluidic chip is simulated
using the commercial software package COMSOL Mul-
tiphysics (COMSOL, USA) to confirm these calculations
(see Fig. 1c and d).
The NIH 3T3 fibroblast cell line, purchased from Biore-
source Collection and Research Center (BCRC, Taiwan),
is cultured in a complete medium composed of Dul-
becco’s modified Eagle medium (Gibco, USA) and 10%
calf serum (Invitrogen, USA). 106 cells are injected into
the chip and the temperature is maintained at 37 ±
0.5 oC using a customized temperature controller. Dif-
ferent EF strengths are introduced by connecting the
Ag(anode)/AgCl(cathode) electrodes (see Fig. 1a) to a dc
power supply (GWInstek, Taiwan) set at the constant-
current model [42]. The microfluidic chip is mounted on
a motorized, bright-field inverted microscope (CKX41,
Olympus, USA) to observe cell migration. Figure 1b shows
an image of the cells in one culture area. For each culture
area, corresponding to a different EF, images are taken
over a period of 2 h. In each area, at least 80 cells were
selected at random for data analysis.
Modelling methods
Since we are dealing with trajectory data over a finite
period of time for which no trajectory touches any phys-
ical boundary, we model the system as a random walk on
 = {(x, y) : −∞ < x < ∞,−∞ < y < ∞}. For the anal-
ysis we denote the position of a cell at time t, relative to
the position at t = 0 as a random vector (x(t), y(t)), where
x(t) and y(t) are the Cartesian coordinates at time t. These
coordinates are related to a probability density function,
p(x, y, t) so that
P
{
(x(t), y(t)) ∈ A} =
∫∫
A
p(x, y, t) dx dy, (4)
where A is a plane region that is a subset of .
We take the simplest possible, standard approach by set-
ting the transport coefficients, D and χ , to be constants
[36, 43]. Furthermore, we alsomake use of the fact that the
spatial gradient of electric field (∂S/∂x) is approximately
constant across several subregions on the experimental
device. However, at this stage we allow for the transport
coefficients to potentially take on different values in differ-
ent directions. These simplifications allow us to work with
an anisotropic analogue of the linear advection-diffusion
equation in a two-dimensional Cartesian geometry, which
can be written as
∂p
∂t = Dx
∂2p
∂x2 + Dy
∂2p
∂y2 − vx
∂p
∂x − vy
∂p
∂y , (5)
on . Since the distribution of cells on the experimen-
tal device is deliberately kept low so that the density of
cells is well below carrying capacity, we deal with a lin-
ear model which is appropriate for cell migration under
low cell density conditions where cell-to-cell collisions are
relatively infrequent [44, 45]. If we consider the initial con-
dition p(x, y, 0) = δ(x)δ(y), which is relevant to following
Simpson et al. BMC Systems Biology  (2017) 11:39 Page 8 of 9
the motion of a single agent in the random walk starting
from the origin [36], the solution of Eq. (5) is [43]
p(x, y, t) = 1
4π t
√
DxDy
exp
[
−
(
(x − vxt)2
4Dxt
+ (y − vyt)
2
4Dyt
)]
.
(6)
To interpret the random walk data in terms of this
model we will deal with a series of individual trajectory
data, (x(t), y(t)) with (x(0), y(0)) = (0, 0). We analyze
each spatial component of the shifted trajectory sepa-
rately. To achieve this we consider the marginal probabil-
ity density functions for each spatial component,
px(x, t) =
∫ ∞
−∞
p(x, y, t) dy, py(y, t)=
∫ ∞
−∞
p(x, y, t) dx,
and we evaluate the first two positive moments, the
mean and variance, of x(t) and y(t), respectively. The first
moments of the marginal probability density functions are
given by
〈x1(t)〉 =
∫ ∞
−∞
x px(x, t) dx, 〈y1(t)〉 =
∫ ∞
−∞
y py(y, t) dy.
Using Eq. (6) we obtain
〈x1(t)〉 = vxt, 〈y1(t)〉 = vyt.
Therefore, for each trajectory, (x(t), y(t)), we can obtain
separate estimates of vx and vy. Fitting a series of straight
lines constrained to pass through the origin gives us an
estimate of vx and vy for each trajectory. Since we have 80
trajectories for each gradient condition, we obtain 80 esti-
mates of vx and 80 estimates of vy. The variability amongst
these estimates can be observed by plotting the results as
a histogram. Furthermore, we can characterise the aver-
age coefficients by evaluating the samplemean and sample
standard deviation of these 80 estimates. We will denote
the sample mean as 〈vx〉 and 〈vy〉, respectively.
To provide information about the diffusivity, we will
make use of the second moments of the marginal proba-
bility density functions are given by
〈
x2(t)
〉 =
∫ ∞
−∞
(
x − 〈x1(t)〉)2 px(x, t) dx,
× 〈y2(t)〉 =
∫ ∞
−∞
(
y − 〈y1(t)〉)2 py(y, t) dy.
Using Eq. (6) we obtain〈
x2(t)
〉 = 2Dxt, 〈y2(t)〉 = 2Dyt.
Therefore, given our previous estimates of the average
drift velocity in each direction 〈vx〉 and 〈vy〉, for each
trajectory we can obtain separate estimates of Dx and
Dy. Fitting a series of straight lines constrained to pass
through the origin give us estimates of Dx and Dy for
each trajectory. Since we have 80 trajectories for each
gradient condition, we obtain 80 estimates of Dx and 80
estimates of Dy. The variability amongst these estimates
can be observed by plotting the results as a histogram.
Furthermore, we can characterise the average coefficients
by evaluating the sample mean and sample standard devi-
ation of these 80 estimates. We will denote the sample
mean as 〈Dx〉 and 〈Dy〉, respectively.
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Abbreviation
EF: electric field
Acknowledgments
The authors would like to thank Dr. Ji-Yen Cheng for help in fabricating
microfluidic chips, and the Center for Emerging Material and Advanced
Devices, National Taiwan University, for the cell culture room facility. We
appreciate the helpful comments from three referees and the BMC Systems
Biology editor.
Funding
This work is supported by the Australian Research Council (DP140100249,
DP170100474). This work is financially supported by the Ministry of Science
and Technology of Taiwan under Contract No. MOST 104-2311-B-002-026 (K.
Y. Lo), No. MOST 104-2112-M-030-002 (Y. S. Sun), and the National Taiwan
University Career Development Project (103R7888) (K. Y. Lo).
Availability of data and rawmaterials
Data is available in the Additional file 1.
Authors’ contributions
MJS, K-YL and Y-SS conceived the study and designed the experiments. K-YL
and Y-SS performed the experiments. MJS analysed the data. MJS wrote the
manuscript. All authors read and approved the final manuscript.
Competing interests
The authors declare that they have no competing interests.
Consent for publication
Not applicable.
Ethics approval and consent to participate
Not applicable.
Author details
1School of Mathematical Sciences, Queensland University of Technology
(QUT), Brisbane, Australia. 2Department of Agricultural Chemistry, National
Taiwan University, 10617 Taipei, Taiwan. 3Department of Physics, Fu-Jen
Catholic University, 24205 New Taipei City, Taiwan.
Received: 19 January 2017 Accepted: 22 February 2017
References
1. Sherratt JA, Murray JD. Models of epidermal wound healing. Proc R Soc
Lond B. 1990;241:29–36.
2. Maini PK, McElwain DLS, Leavesley DI. Traveling wave model to interpret
a wound-healing cell migration assay for human peritoneal mesothelial
cells. Tissue Eng. 2004;10:475–82.
3. Treloar KK, Simpson MJ, McElwain DLS, Baker RE. Are in vitro estimates of
cell diffusivity and cell proliferation rate sensitive to assay geometry? J
Theor Biol. 2014;356:71–84.
4. Gatenby RA, Gawlinski ET. A reaction-diffusion model of cancer invasion.
Cancer Res. 1996;56:5745–53.
Simpson et al. BMC Systems Biology  (2017) 11:39 Page 9 of 9
5. Johnston ST, Shah ET, Chopin LK, McElwain DLS, Simpson MJ.
Estimating cell diffusivity and cell proliferation rate by interpreting
IncuCyte ZOOMTM assay data using the Fisher-Kolmogorov model. BMC
Syst Biol. 2015;9:38.
6. Keller EF, Segel LA. Model for chemotaxis. J Theor Biol. 1971;30:225–34.
7. Murray JD. Mathematical biology: i an introduction. Springer-Verlag Berlin
Heidelberg: Springer; 2002.
8. Painter KJ, Sherratt JA. Modelling the movement of interacting cell
populations. J Theor Biol. 2003;225:327–39.
9. Cai AQ, Landman KA, Hughes BD. Modelling directional guidance and
motility regulation in cell migration. Bull Math Biol. 2006;68:25–52.
10. Simpson MJ, Landman KA, Hughes BD, Newgreen DF. Looking inside an
invasion wave of cells using continuummodels: proliferation is the key. J
Theor Biol. 2007;243:343–60.
11. Robinson KR. The responses of cells to electrical fields: a review. J Cell Biol.
1985;101:2023–7.
12. Mycielska ME, Djamgoz MBA. Cellular mechanisms of direct-current
electric field effects: galvanotaxis and metastatis diseasse. J Cell Sci.
2004;117:1631–9.
13. Vanegas-Acosta JC, Garzon-Alvarado DA, Zwamborn APM. Mathematical
model of electrotaxis in osetoblastic cells. Bioelectrochemistry. 2012;88:
134–43.
14. Nuccitelli R. A role for endogenous electric fields in wound healing. Curr
Top Dev Biol. 2003;58:1–26.
15. Farboud B, Nuccitelli R, Schwab IR, Isseroff RR. DC electric fields induce
rapid directional migration in cultured human corneal epithelial cells. Exp
Eye Res. 2000;70:667–73.
16. Zhao M. Electrical fields in wound healing - an overriding signal that
directs cell migration. Semin Cell Dev Biol. 2009;20:674–82.
17. Jin W, Shah ET, Penington CJ, McCue SW, Chopin LK, Simpson MJ.
Reproducibility of scratch assays is affected by the initial degree of
confluence: experiments, modelling and model selection. J Theor Biol.
2016;390:136–45.
18. Hughes-Alford SK, Lauffenburger DA. Quantitative analysis of gradient
sensing: towards building predictive models of chemotaxis in cancer.
Curr Opin Cell Biol. 2012;24:284–91.
19. Tranquillo RT, Lauffenburger DA, Zigmond SH. A stochastic model for
leukocyte randommotility and chemotaxis based on receptor binding
fluctuations. J Cell Biol. 1988;106:303–09.
20. Tranquillo RT, Zigmond SH, Lauffenberger DA. Measurement of the
chemotaxis coefficient for human neutrophils in the under-agarose
migration assay. Cell Motil Cytoskel. 1988;11:1–15.
21. Marchant BP, Norbury J, Byrne HM. Biphasic behaviour in malignant
invasion. Math Med Biol. 2006;23:173–96.
22. Landman KA, Simpson MJ, Pettet GJ. Tactically-driven nonmonotone
travelling waves. Physica D. 2008;237:678–91.
23. Wu D, Lin F. A receptor-electromigration-based model for cellular
electrostatic sensing and migration. Biochem Bioph Res Co. 2011;411:
695–701.
24. Perumpanani AJ, Sherratt JA, Norbury J, Byrne HM. A two parameter
family of travelling waves with a singular barrier arising from the
modelling of extracellular matrix mediated cellular invasion. Physica D.
1999;126:145–59.
25. Ford RM, Phillips BR, Quinn JA, Lauffenburger DA. Measurement of
bacterial randommotility and chemotaxis coefficients: 1 stopped-flow
diffusion chamber assay. Biotechnol Bioeng. 1991;37:647–60.
26. Ford RM, Lauffenburger DA. Measurement of bacterial randommotility
and chemotaxis coefficients: II application of single-cell-based
mathematical model. Biotechnol Bioeng. 1991;37:661–72.
27. Stokes CL, Lauffenburger DA, Williams SK. Migration of individual
microvessel enthothelial cells: stochastic model and parameter
measurement. J Cell Sci. 1991;99:419–30.
28. Stokes CL, Lauffenburger DA. Analysis of the roles of microvessel
endothelial cell randommotility and chemotaxis in angiogenesis. J Theor
Biol. 1991;152:377–403.
29. Pettet GJ, McElwain DLS, Norbury J. Lotka-Volterra equations with
chemotaxis: walls barriers and travelling waves. Math Med Biol. 2000;17:
395–413.
30. Wechselberger M, Pettet GJ. Folds, canards and shocks in
advection-reaction-diffusion models. Nonlinearity. 2010;23:1949–69.
31. Harley K, van Heijster P, Marangell R, Pettet GJ, Weschelberger M.
Existence of traveling wave solutions for a model of tumour invasion.
SIAM J Appl Dyn Syst. 2014;13:366–96.
32. Charteris N, Khain E. Modeling chemotaxis of adhesive cells: stochastic
lattice approach and continuum description. New J Phys. 2014;16:025002.
33. Irons C, Plank MJ, Simpson MJ. Lattice-free models of directed cell
motility. Physica A. 2016;442:110–21.
34. Todaro GJ, Green H. Quantitative studies of the growth of mouse embryo
cells in culture and their development into established lines. J Cell Biol.
1963;17:299–313.
35. Wu SY, Hou HS, Sun YS, Cheng JY, Lo KY. Correlation between cell
migration and reactive oxygen species under electric field stimulation.
Biomicrofluidics. 2015;9:054120.
36. Cai AQ, Landman KA, Hughes BD. Multi-scale modeling of a
wound-healing cell migration assay. J Theor Biol. 2007;245:576–94.
37. Simpson MJ, Binder BJ, Haridas P, Wood BK, Treloar KK, McElwain DLS,
Baker RE. Experimental and modelling investigation of monolayer
development with clustering. Bull Math Model. 2013;75:871–89.
38. Bird RB, Stewart WE, Lightfood EN. Transport phenomena. Wiley
Singapore: Wiley; 2005.
39. Cheng JY, Wei CW, Hsu KH, Young TH. Direct-write laser
micromachining and universal surface modification of PMMA for device
development. Sensor Actuat B-Chem. 2004;99:186–96.
40. Cheng JY, Yen MH, Wei CW, Chuang YC, Young TH. Crack-free
direct-writing on glass using a low-power UV laser in the manufacture of
a microfluidic chip. J Micromech Microeng. 2005;15:1147–56.
41. Cheng JY, Yen MH, Kuo CT, Young TH. A transparent cell-culture
microchamber with a variably controlled concentration gradient
generator and flow field rectifier. Biomicrofluidics. 2008;2:24105.
42. Hou HS, Tsai HF, Chiu HT, Cheng JY. Simultaneous chemical and
electrical stimulation on lung cancer cells using a
multichannel-dual-electric-field chip. Biomicrofluidics. 2014;8:052007.
43. Codling EA, Plank MJ, Benhamou S. Random walk models in biology. J R
Soc Interface. 2008;5:813–34.
44. Simpson MJ, Landman KA, Hughes BD. Multi-species simple exclusion
processes. Physica A. 2009;388:299–406.
45. Simpson MJ, Treloar KK, Binder BJ, Haridas P, Manton KJ, Leavesley DI,
McElwain DLS, Baker RE. Quantifying the roles of cell motility and cell
proliferation in a circular barrier assay. J R Soc Interface. 2013;10:130007.
•  We accept pre-submission inquiries 
•  Our selector tool helps you to find the most relevant journal
•  We provide round the clock customer support 
•  Convenient online submission
•  Thorough peer review
•  Inclusion in PubMed and all major indexing services 
•  Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit
Submit your next manuscript to BioMed Central 
and we will help you at every step:
